Abstract Spatial-temporal patterns of hydrological droughts in the Amazon basin are derived from drought indices computed from existing streamflow data. Principal component analysis and Monte Carlo simulations are employed to account for the uncertainty and overcome the limitations of missing data in streamflow records. Results show that northern and southern subbasins differ in drought trends and in patterns of correlation between drought indices and climate anomalies originating from the Pacific (El Niño-Southern Oscillation) and Atlantic (differences in sea surface temperature across the equator) Oceans. A significant trend toward more intense droughts is found in the southern subbasins, which is highly correlated to tropical Atlantic Ocean sea surface temperature anomalies. That drying trend might have distinct causes in each subbasin and can lead to potential intensification of regional impacts.
Introduction
Streamflow in Amazon rivers is characterized by seasonal droughts and floods with magnitudes varying from year to year. In the northern region of the Amazon, below average rainfall [Aceituno, 1988; Zeng, 1999; Poveda et al., 2001; Zhou and Lau, 2001; Waylen and Poveda, 2002; Nobre et al., 2006; Aceituno et al., 2009] and streamflow [Marengo, 1995; Dettinger et al., 2000; Foley et al., 2002; Misir et al., 2013] are commonly associated with El Niño events. Different from that pattern, the well-documented drought events of 2005 and 2010 unexpectedly affected western and southern regions of the Amazon and were associated with anomalous sea surface warming of the North Atlantic Ocean, not El Niño [Marengo et al., 2008a [Marengo et al., , 2008b Zeng et al., 2008; Espinoza et al., 2011; Lewis et al., 2011; Tomasella et al., 2011 Tomasella et al., , 2013 . Those recent droughts had unprecedented magnitude and caused significant economic and ecological impacts resulting from drying vegetation, and low river water levels. However, it is still unclear whether such recent, unprecedented events are part of spatial-temporal drought patterns that could be identified in historical streamflow observations. Hydrological droughts in the Amazon result in significant impacts on regional economy and global climate. Low river levels may disrupt the regional river transportation system and isolate communities [Marengo et al., 2008b; Lewis et al., 2011; Tomasella et al., 2011 Tomasella et al., , 2013 . Also, low soil moisture may restrict evapotranspiration from dense forest trees, increasing fire frequency, restricting biomass increase, and reducing the rate through which Amazonian trees capture and fix carbon [Brown et al., 2006; Moran et al., 2006; Aragão et al., 2007] . During intense droughts, the Amazon basin can even function as a carbon source, instead of a carbon sink, affecting the global carbon budget and atmospheric warming [Phillips et al., 2009; Gatti et al., 2014] . Hence, if droughts become more frequent as a result of climate change, a positive feedback is expected, as the drought-triggered reduced rate of carbon fixation might enhance global warming [Costa and Foley, 2000; Cox et al., 2000 Cox et al., , 2004 Costa et al., 2007; Betts and Silva Dias, 2010; Coe et al., 2013] . That raises the importance of identifying possible new trends and patterns of hydrological droughts in the Amazon, and their relationships with climate and land use forcing conditions. However, hydrological data in the Amazon are limited. The dense rain forest and the long river lengths impose difficulties on establishing conventional streamflow gauge networks [Marengo, 2006; Espinoza Villar et al., 2009a] . Most of the currently operational streamflow gauges were installed only after 1975, and they still are sparsely distributed and concentrated on the major rivers. That leaves large areas without historical hydrologic information that could be used to study past drought events. Also, gauge sites are not easily accessible, and thus, missing observations in the streamflow time series are common. Therefore, alternative methods need to be employed in order to take the most information out of the limited data available. This paper employs probabilistic principal component analysis (PPCA) to derive spatial-temporal patterns of seasonal droughts within the Amazon basin. The method is used to extract the major modes of variability that • Supporting Information S1
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• Data Set S4 explain most of the variance of a drought indices data set, while accounting for the uncertainty in it [Ilim and Raiko, 2010] . Correlations among streamflow gauges and Monte Carlo simulations are used to estimate errors associated with missing data. Trend and uncertainty in the derived principal modes of variability are further explored as well as their correlation with climatic indices.
Methods

Data Sources
A set of 58 streamflow gauges maintained by the Brazilian National Water Agency (ANA) was selected from a pool of 405 existing gauges to characterize hydrological droughts in the Amazon basin. That selection was based on data availability and representativeness: all gauges cover the period from 1975 to 2013, are located on the major Amazon rivers, have daily streamflow observations covering at least 15 years and no more than 21% of gaps in the monthly time series. Gauge data consisted of consistency-checked, daily streamflow, computed from rating curves and daily water stage observations, and are publicly available online (http:// www.snirh.gov.br/hidroweb/). Monthly streamflow time series are presented in the supporting information.
Two climatic indices were used for correlation analysis: the Niño 3.4 index, which indicates sea surface temperature (SST) anomalies over the Pacific Ocean, and a normalized, cross-equatorial SST gradient across the Atlantic Ocean (hereafter, the AGI). Niño 3.4 corresponds to monthly SST anomalies averaged over the area from 5°north to 5°south and from 170°to 120°west and is commonly used to identify El Niño-Southern Oscillation (ENSO) warm and cold phases (El Niño and La Niña, respectively). AGI was computed as the normalized difference between average SST over the North and South Atlantic Ocean sectors, taken as the area from 5°to 20°north, and from 60°to 30°west, and the area from 0°to 20°south, and from 30°west to 10°east, respectively. Annual anomalies were computed considering the typical annual cycles of the climatic indices, from June to May for Niño 3.4, and from April to March, for AGI. Niño 3.4 and SST data were obtained from the Climate Prediction Center from the National Oceanic and Atmospheric Administration, available online (http://www.cpc.ncep.noaa.gov/data/indices).
Drought Characterization
A seasonal drought is defined here as the event in which streamflow falls below the long-term mean of the monthly streamflow time series (Q LTM ). The magnitude of a drought event is computed as the accumulated deficit, i.e., the sum of the differences between Q LTM and the monthly streamflow over the duration of the seasonal drought. When more than one drought event occurs in a given year, only the event with the larger magnitude is recorded, resulting in only one drought event per year. The obtained time series of magnitudes of seasonal droughts is normalized by its long-term means and standard deviations, resulting in the dry season drought index I D . Similar calculations are performed for the wet season, i.e., the accumulated sum of differences between monthly streamflow and Q LTM is computed and then normalized, resulting in the wet season drought index I W . Note that both I D and I W refer to dry and wet seasons, respectively, in terms of streamflow, not rainfall.
Dry season index I D takes on a positive value when drought magnitude is above its long-term mean (dry season streamflow is below average) and on a negative value otherwise. Accordingly, I W takes on a positive value when the wet season streamflow is higher than average and negative value otherwise. Drought indices matrices with 39 rows (each of which corresponding to the period from 1975 to 2013) and 58 columns (each of which corresponding to a gauge) are constructed by concatenating the 58 times series of I D and I W for the application of PPCA.
Probabilistic Principal Component Analysis
Principal component analysis is commonly used to compute spatial-temporal patterns by deriving eigenvalues and eigenvectors of the covariance matrix of a drought index matrix. However, those computations require the absence of gaps in the matrix of drought indices, which is difficult to achieve with Amazon hydrologic data. If, in a specific gauge, the drought magnitude cannot be computed in a given year due to missing streamflow data, either that year or the gauge needs to be excluded from the analysis. Since nearly all gauges have at least one year with missing data, excluding those years or gauges would result in severe reduction of temporal or spatial coverage of the derived principal components, and increase in uncertainty. PPCA is an option to overcome that issue: instead of being excluded from the analysis, missing data are substituted by statistical estimates, computed either from regression analysis or from observed data at the same gauge. That preserves a reasonable time extension of principal components and allows for uncertainty assessment.
First, gaps in time series of drought magnitudes in any given gauge are filled using linear regression equations in which the drought magnitudes at the nearest gauges, located on the same river or on a tributary, are the independent variables. The obtained linear regression equations include a residual error term ε that is assumed to be normally distributed with mean zero and constant, unknown variance, estimated as the sum of squared errors divided by (n À m), where n is the number of streamflow gauges and m is the number of parameters (here, n = 58 and m = 2). When a single linear regression equation is not sufficient to fill all the gaps in a given time series, or when the coefficient of determination (r 2 ) is lower than 0.4, another nearby gauge is chosen to construct another linear regression, always choosing first the gauge with drainage area closer to that of the gauge of interest. When no nearby gauge has the required data for gap filling or when r 2 < 0.4, the missing value is estimated as the long-term mean of observed drought magnitudes for that gauge plus a random error δ, which is assumed to have zero mean, the same standard deviation of drought magnitudes at that gauge, and to be normally distributed.
Expected principal modes of variability are computed using conventional principal component analysis, after filling up all gaps in the data set and assuming zero the errors ε and δ. Then, a Monte Carlo simulation is employed to propagate the errors in the gap-filling process to the principal components. That iterative procedure starts by randomly generating 1000 sets of estimates of errors ε and δ, resulting in 1000 sets of time series of drought magnitudes and indices I D and I W for each gauge (1000 drought indices matrices). Finally, covariance matrices are extracted for each one of those 1000 matrices, allowing for the computation of 1000 sets of principal components loadings and scores. That large set of principal components allows for the computation of the mean and the standard deviation of the scores and loadings of the principal components, and evaluation of their uncertainty.
A truncation criterion is used to select the first principal components that explain most of the total variance of drought indices, following the "N rule" described by Wilks [2006] . The variances of each principal component are compared with corresponding variances obtained synthetically from random-generated data with the same dimensions (58 locations and 39 years), which are drawn from standard normal distributions.
Original principal components are retained if their variances are above the 95% percentile of the distribution of synthetic eigenvalues.
An evaluation of whether the selected modes are distinguished from each other is performed by computing the error in the original variances. Assuming that the original drought indices are approximately multivariate normal distributions and no pair of variances are equal [Wilks, 2006] , the standard deviation s m of the mth eigenvalue λ m is given by s m = λ m (2/n) À0.5 . If the difference of variances between the principal components is larger than one standard deviation, they can be considered statistically distinguishable.
Trend and Relationship With Climate Anomalies
The Mann-Kendall test [Mann, 1945; Kendall, 1975] is applied to verify the statistical significance of trends in dry and wet season indices computed at each streamflow gauge and in principal components, after checking for the absence of autocorrelation. The runs test [Wald and Wolfowitz, 1940] and the slope of regression lines are also used to check for such trends. Relationships with climate anomalies are assessed by computing Spearman rank correlation [Spearman, 1904] between I D and I W indices at each gauge and the annualized climatic indices Niño 3.4 and AGI, evaluated at the same or at the previous year. Rank correlations are also computed between the principal component time series associated with I D and I W indices, and climatic indices Niño 3.4 and AGI.
3. Results
Observed Droughts: Relationships With Climate Indices and Trends
Time series of observed I D and I W at Obidos, the most downstream gauge on the Amazon River, is presented in Figure 1 . Many El Niño-related droughts that affected the Amazon River main stem are evident (1979, 1983, 1987, 1991, and 1997) Spearman rank correlations between drought indices I D and I W at individual gauges, and climate indices Niño 3.4 and AGI highlight the connections of droughts in the Amazon to major climate forcing, as detailed presented in the supporting information. Consistent with previous studies, significant correlations between Niño 3.4 and drought indices are found on the Amazon River main stem and northern tributaries, which exhibit drier conditions (higher I D and lower I W ) during or in the year following El Niño years. A few gauges at southern subbasins Madeira and Jurua, and even on the Amazon River, presented wetter conditions (lower I D and higher I W ) during the El Niño year, but they also shifted to drier conditions in the following year. Differently, the effect of higher tropical Atlantic cross-equator SST differences (higher AGI) are observed in the same year: significant correlations suggest drier conditions (higher I D and lower I W ) in association with AGI in many gauges on the Amazon River, Madeira, Purus, and Jurua subbasins, and a few gauges at Negro and northern tributaries (only lower I W ). Those conditions are even observed in the following year at a few gauges (Madeira, Purus, and Xingu subbasins). At the Negro subbasin, a few gauges indicated that higher AGI is actually associated with wetter dry seasons (lower I D ), even persisting in the following year.
According to the Mann-Kendall test, trends toward drier dry seasons (increasing I D index) are significant at southern and western subbasins: at three out of 11 gauges in the Madeira river basin, at two out of nine gauges at the Tapajos River basin, and at other two gauges in the Xingu and Purus River basins. Significant trends toward drier wet seasons (decreasing I W index) are also significant in Madeira River basin (four out of 11 gauges), and other two gauges at the Tapajos, Purus, and Xingu River basins. Opposite trends, toward less intense droughts (decreasing I D index), are found in northern subbasins: at nine out of 10 gauges in the 
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Negro River basin, and at one small northern tributary of the Amazon River. Consistently, trends toward wetter wet seasons (increasing I W ) are found in six out of 10 gauges in the Negro River basin and at three gauges on the Amazon River. Runs test only confirms the trends toward wetter dry and wet seasons in two gauges at the Negro River basin. Slopes of linear regressions are statistically significant toward more intense droughts in the Madeira, Purus, and Tapajos River basins, and less intense droughts in the Negro River basin, and at three gauges on the Amazon River. Tables summarizing the detected trends and results from statistical tests are presented in the supporting information.
Thus, this analysis of drought indices at individual gauges shows different spatial patterns: nearly all subbasins are affected during El Niño-related droughts (e.g., 1997), while western and southern subbasins are affected during extreme drought events such as in 2005 and 2010. Significant correlations indicate that drier conditions are associated with Niño 3.4 in northern (in the same year) and southern subbasins (in the following year) and drier conditions associated with AGI in southern subbasins (in the same year). Trend analysis suggests a shift toward drier conditions in south and western subbasins and toward wetter conditions at Negro subbasin.
Spatial-Temporal Patterns: Trends and Uncertainty
Figure 3 presents variances and corresponding errors (bars correspond to one standard deviation), and the median, 5th and 95th percentiles of variances obtained from randomly generated data for each principal component. The first three principal components of both I D and I W are significantly different from noise, as their variances are larger than what is obtained randomly. Estimated error in variances (error bars in Figure 3 ) indicate that the second and third principal components of I D and all the principal components of I W might not be statistically distinguishable from each other, due to the small sample size (58 gauges).
The first three modes of variability of I D explain 26%, 17%, and 14% of the total variance, respectively, totaling 57% of the total variance. Similarly, the first three modes of I W explain 20%, 14%, and 11% of the total variance, respectively, jointly explaining 45% of the total variance.
The first two modes of variability of I D are shown in Figure 4 . The first mode (Figures 4a and 4c ) is characterized by negative loadings in southern subbasins (especially Madeira, Purus, and upper Amazon River) and positive loadings in northern subbasins (Negro and Branco). In southern subbasins (negative loadings), severe droughts (positive I D ) occur when the score of the principal component is negative, and wetterthan-average droughts (negative I D ) occur when that score is positive. Accordingly, in northern subbasins (positive loadings), severe droughts (positive I D ) occur when the score of the principal component is positive, and moderate droughts (negative I D ) occur when the score of the principal component is negative. Thus, this first mode refers to a spatial pattern in which droughts are observed in southern subbasins, but not in northern ones, and vice versa. The interpretation of signs of drought indices, loadings, and scores is summarized in a table in the supporting information. (Figure 4c ). There is a trend toward negative scores, which means increasing drought magnitude in southern subbasins, not followed by droughts in northern subbasins. That trend is statistically significant at 5% level according to results from the Mann-Kendall test, the runs test (p = 0.016), and the significance of the slope of the linear regression (between À0.03 and À0.22, for a 95% confidence interval).
The second principal mode (Figures 4b and 4d ) is characterized by positive loadings in almost all gauges (especially Negro and Branco River basins), except in the Madeira River and two headwaters of southern subbasins. Differently from the first mode, that pattern indicates widespread drought (positive loadings and I D ) and wetter conditions at Madeira subbasin when the score of the principal component is also positive; and wetter dry seasons (positive loadings and negative I D ) and drier conditions at Madeira subbasin when that score is negative. Thus, while the first mode shows droughts restricted to southern subbasins (coincident with wetter conditions in northern subbasins), the second mode shows widespread drought (or widespread wetter conditions), except in the Madeira River. Time series of scores of this second mode (Figure 4d ) shows marked positive high values coincident with El Niño years of 1979, 1983, 1987, 1991, 1997, and 2002 . No significant trend is found in this second mode.
The first principal mode of I W (presented in the supporting information) is characterized again by a marked distinction between northern and southern subbasins. There are positive loadings in southern subbasins, especially on the Madeira River and negative loadings in the northern subbasins, northeast tributaries, and on the Amazon River main stem. Time series of this first mode presents a trend (although less pronounced) toward negative scores, which means more intense wet seasons in northern subbasins and drier wet seasons Therefore, the two major modes of variability of I D and I W differ according to each subbasin. In the first mode, southern and western subbasins are drier than normal at the same time when northern subbasins are wetter than normal, and vice versa. Trend analysis suggests that drought intensity associated with that spatial pattern is increasing with time. In the second mode, drier-than-normal conditions occur in all subbasins, except Madeira, but there is no significant trend in drought intensity.
Relation With Climatic Indices
Spearman rank correlation coefficients between Niño 3.4, AGI, and the first two principal component time series are considered here. Figure 4a ) and less severe droughts in southern subbasins (negative I D and negative loadings in Figure 4a ). Thus, in this mode, El Niño affects droughts only restricted to northern subbasins and does not explain the trend toward more intense droughts in southern subbasins (represented by negative scores in Figure 4c ). In the second mode, El Niño largely explains droughts affecting both northern and southern subbasins, except the Madeira River.
The AGI index is also significantly correlated to the first and second principal components of I D , with correlations of À0.29 (p = 0.08) and 0.31 (p = 0.05), respectively. In the first mode, the correlation is negative, and thus, a positive north-south Atlantic SST difference (with warm north Atlantic SST) is associated with negative values of scores in Figure 4c . Those negative values mean more severe droughts in the southern subbasins (positive I D and negative loadings in Figure 4a ) and less severe droughts restricted to northern subbasins (negative I D and positive loadings in Figure 4a ). Thus, AGI index does explain the trend toward more intense droughts in southern subbasins. In the second mode, the correlation with AGI is positive, indicating that a positive north-south Atlantic SST difference is now associated with also positive values of scores in Figure 4d . Those positive values mean more severe droughts in both northern and southern subbasins (positive I D and positive loadings in Figure 4b ), except the Madeira subbasin (negative I D and negative loadings in Figure 4b ).
Correlations between the principal components of I W and Niño 3.4 or AGI are not statistically significant, meaning that neither Pacific nor Atlantic SST anomalies explain the variability of wet season indices. Thus, neither of them explains the trend toward wetter wet seasons in northern subbasins, detected in the first mode of variability of I W .
Discussion and Conclusion
Two main modes of spatial-temporal variability of drought indices computed from streamflow observations within the Amazon basin are identified. The first mode exhibits a dual dry-wet pattern, in which southern-western subbasins are dry at the same time when northern subbasins are wet (or vice versa), while the second mode refers to widespread drought (or wet conditions) affecting nearly all subbasins but the Madeira River. Both modes are significantly correlated with Niño 3.4, which is in agreement with many previous studies that have identified ENSO as a major driver of interannual variability in rainfall and streamflow in the Amazon [Ropelewski and Halpert, 1987; Aceituno, 1988; Marengo et al., 1993; Zeng, 1999; Dettinger et al., 2000; Foley et al., 2002; Espinoza Villar et al., 2009a , 2009b . However, in the first mode, the correlations imply that El Niño partially explains droughts that are restricted to northern subbasins (where loadings are positive), in agreement with aforementioned studies, that linked El Niño to reduced rainfall and streamflow in those subbasins. Differently, the second mode reveals that ENSO can also jointly affect northern, southern, and western subbasins, notably during strong El Niño years (e.g., 1997). The exception of the Madeira River might be related to the more frequent intrusion of cold fronts coming from the south during strong El Niño years [Marengo et al., 1997] . association is also present in the second mode, characterized by widespread drought. However, significant trends (toward negative scores) are only found in the first mode, suggesting intensification of the spatial pattern characterized by more intense droughts in southern subbasins and wetter conditions in northern subbasins. Analysis of trends at individual gauges confirm drying trends at specific gauges in Madeira, Purus, Xingu, and Tapajos subbasins, and wetting trends in Negro subbasin. Similar trends have been detected in previous studies that assessed minimum, maximum, and mean monthly runoff, in association with trends in rainfall and changes in atmospheric circulation [Espinoza Villar et al., 2009a] . Drying trends are also in agreement with North Atlantic warming and consequent reduction of water vapor transport toward western subbasins [Espinoza et al., 2011] . In addition, such trends are in agreement with previous studies that have projected increase in duration and deficit volume of droughts due to climate change in Madeira, Jurua, and Amazon rivers, although there is uncertainty on changes in low streamflow [van Huijgevoort et al., 2014] . Indeed, drying trends in that part of the Amazon basin are projected by many studies as a consequence of climate change [Neelin, 2003; Malhi et al., 2008; Nobre et al., 2009; Arnell and Gosling, 2013; van Huijgevoort et al., 2014] , deforestation [Nobre et al., 1991; Costa and Pires, 2010] , combined deforestation and atmospheric warming [Costa and Foley, 2000] , and even North Atlantic warming due to decreased aerosol pollution [Cox et al., 2008] . Interestingly, few studies have detected decreased monthly rainfall in western and central Amazon [Paiva and Clarke, 1995; Espinoza Villar et al., 2009a , 2009b , and many have not identified trends in seasonal or annual rainfall or streamflow [Marengo, 1995; Marengo and Tomasella, 1998; Costa and Foley, 1999; Malhi and Wright, 2004] . The present study does not contradict those studies, as it refers to drought, not total rainfall (or streamflow). For example, drought indices can increase due to changes in rainfall timing even if no change occurs in total rainfall. Additionally, some previous studies have projected decreased rainfall in northern Amazon, as a consequence of intensification of ENSO [Coelho and Goddard, 2009] , and increased streamflow due to deforestation in southern subbasins [Coe et al., 2009] . The results here apparently contradict those studies, as they indicate trends toward wetting conditions in Negro subbasin and drying trends in some southern and western subbasins.
Causes of the trends in drought indices and principal components might be quite distinct in each subbasin. For example, rainfall over the Madeira River basin have reduced [Paiva and Clarke, 1995; Espinoza Villar et al., 2009a] while the duration of dry season has increased [Costa and Pires, 2010] , and those factors could have produced the trend toward drought intensification. Second, the Tapajos River drains southern parts of the Amazon basin that had been subjected to intense deforestation, as 20% of its areas had been deforested by 2000 [Cardille and Foley, 2003; Coe et al., 2009] . That change in land cover might alter the regional climate, leading to reduction of rainfall recycling [Nobre et al., 1991; Coe et al., 2009] and increasing of dry season duration [Costa and Pires, 2010] , both resulting in intensification of drought indices. Since such local hydrological processes might modulate the increase in drought intensity, further investigations based on field hydrologic measurements are needed to determine what is causing the identified trends.
